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GENERAL CAVEAT 
NATSEM research findings are generally based on estimated characteristics of the 
population. Such estimates are usually derived from the application of microsimulation 
modelling techniques to microdata based on sample surveys. 
These estimates may be different from the actual characteristics of the population because 
of sampling and nonsampling errors in the microdata and because of the assumptions 
underlying the modelling techniques. 
The microdata do not contain any information that enables identification of the individuals 
or families to which they refer. 
This working paper was presented to the 3rd International Conference of the International 
Microsimulation Association in Stockholm, 8th – 10th July, 2011. 
The citation for this paper is: 
Vidyattama, Miranti, McNamara, Tanton and Harding (2011), “Issues in spatial 
microsimulation estimation: a case study of child poverty”, NATSEM Working Paper 
11/03, Canberra.   iv 
ABSTRACT 
Spatial microsimulation techniques have become an increasingly popular way to fulfil the 
need for generating small area data estimates. Nevertheless, this technique poses numerous 
methodological challenges, including those that relate to fundamental differences between 
the multiple data sources which spatial microsimulation techniques seek to combine. Using 
two different databases simultaneously to produce estimates of population characteristics 
may come up against problems related to different distributions of key variables within the 
two databases. Such differences can make it difficult to adequately validate small area 
estimates, as it can be hard to assess whether differences between synthetic and original 
data are due to failures or inaccuracies within the estimation procedure, or simply to the 
differences within the underlying data. This study presents a case study of this problem 
using a very important small area estimate – child poverty rates. We compare how income 
distributions for children are different in two Australian databases being combined within 
a spatial microsimulation model. We then assess the extent to which this affects our 
estimates of child poverty, and gauge its impact on the apparent validity of these synthetic 
small area poverty rates.   1 
1  INTRODUCTION 
 
Due to the increasing need for small area data, there are increasing numbers of small area 
estimation methods (Ghosh and Rao, 1994; Pfeffermann, 2002). Among them, the use of 
spatial microsimulation has become increasingly popular. Although the spatial application 
of microsimulation was considered rare until the mid-1990s (Birkin et al., 1996), the use of 
spatial microsimulation can currently be found in the US (Caldwell et al 1998), UK 
(Williamson et al., 1998; Voas and Williamson, 2000; Ballas et al., 2005), Ireland (Ballas et 
al., 2006, Hynes et al., 2009), France (Aschan-Leygonie et al., 2000), Japan (Sugiki et al., 
2005; Hanaoka and Clarke, 2007, Nakaya et al., 2007) and even in the Philippines (Tiglao 
and Tsutsumi, 2005). The popularity of spatial microsimulation is also due to the fact that 
besides estimating statistics at the small area level, these models can be used to estimate the 
distribution of government transfers and hence, the geographical impact of any 
Government transfer policy change (Ballas and Clarke, 2001; Ballas et al., 2005; Vu et al., 
2010). The models are also able to predict a change to a small area in response to another 
change, for instance, measuring the socio-economic impacts of job losses for different types 
of persons or families who live in particular areas (Ballas et al., 2006).   
In Australia, spatial microsimulation techniques have been used for estimating small area 
data related to a range of economic and social issues as well as estimating the impact of 
government policy and the need for government services at a small area level. Examples of 
this work include simulating the small area impact of changes in income taxes and cash 
transfers (Chin et al., 2005; Harding et al., 2009; Tanton et al., 2009); development of small 
area measures of housing stress (McNamara et al., 2010); and small area modelling of 
Activities of Daily Living status and the need for different types of aged care (Lymer et al., 
2008). One indicator that has often been produced and updated for various different 
population groups is the small area estimation of income poverty, as this measure is not 
otherwise available at a small area level in Australia (Chin and Harding 2007; Tanton et al., 
2009; Tanton et al., 2010; Miranti et al., 2010). Poverty rates among Australian children are 
considered important, and the authors of the current paper have recently been attempting 
to estimate these using spatial microsimulation techniques. 
While the extent of poverty in general is a critical issue in any economy, including 
Australia, the issue is even more important when it involves children. According to 
Harding and Szukalska (2000), research shows that poverty in childhood has a strong 
correlation with various kinds of disadvantage in adulthood. These effects are complex, but 
are due in part to the impact of poverty on children‟s education and health, which in turn 
directly affects their employment and income prospects in the future. In Australia, the 
Federal government has emphasised the importance of addressing child disadvantage by 
establishing a Social Inclusion Unit in December 2007 which has identified children at risk 
of disadvantage as one of its priority policy focuses. 
   2 
Accurately measuring and monitoring child poverty at a small area level is an essential 
element of efforts to address child disadvantage. Such data can be used not only to inform 
the establishment, design and evaluation of poverty amelioration policies and programs, 
but it also allows policy makers to take into account the impact of neighbourhood 
characteristics (such as relative socio-economic disadvantage) on child development and 
well-being in building policy and monitoring programs (see Attree, 2004; Homel and 
Burns, 1985 and Vidyattama et al., 2010). 
 While there is no doubt about the importance of estimating small area child poverty rates, 
there are some issues in the estimation process using a spatial microsimulation method. 
Miranti et al. (2010) find that person-level poverty estimates produced by their 
microsimulation model vary only slightly from poverty rates calculated directly from the 
Australian Bureau of Statistics Survey of Income and Housing (SIH), the usual source of 
poverty rate data in Australia. However, applying the same spatial microsimulation 
technique to children produces small area child poverty rates of  around 14-15 per cent 
when aggregated to a National level, which is considerably above estimates from the 
national SIH estimates of around 10-11percent. This has raised some doubt as to the 
validity of the spatial microsimulation child poverty rates. 
An investigation of the reasons behind these discrepancies indicates that they arise from 
differences between the two databases used to create the small area estimates – the 
Australian Survey of Income and Housing (SIH) and the Australian Census of Population 
and Housing. In this paper, we look closely at the use of two different databases in spatial 
microsimulation modelling  using the estimation of small area child poverty rates in 
Australia as a case study, and assess whether the validity of the estimates of child poverty 
produced by the model is threatened. In doing so, the study will carefully examine the 
differences between the two data sources‟ distribution of two important variables in the 
estimation of child poverty rates – household income and number of children. Specifically, 
this paper addresses the following questions: 
  Are there problems in combining income survey and Census data to estimate child 
poverty rates at small area level? 
  How might these problems be likely to affect the estimation result? 
  Is the validity of the estimation compromised by these problems?  
  What implications does this investigation have for spatial microsimulation 
methodology in general? 
Following this introduction, we describe our poverty calculation and spatial 
microsimulation methodology in section two. Section three discusses the databases and 
how they are used in spatial microsimulation. Our findings about the differences we see 
between simulated and directly calculated child poverty rates are presented in section four, 
and the implications of these findings are discussed in section five. Section six provides a 
conclusion.  
   3 
 
2  METHODOLOGY  
 
2.1  POVERTY CALCULATION IN AUSTRALIA 
 
Rates of poverty are commonly measured using the proportion of people with income 
below a certain income benchmark (commonly known as the poverty line) to the overall 
population. This methodology is often known as the headcount approach to poverty 
measurement. The main criticism of this approach is that it relies only on income so only 
captures one aspect of disadvantage, and does not address the underlying causes of 
poverty, or wider aspects of deprivation and social exclusion (Saunders 2005). In addition, 
it does not capture the depth of poverty, nor how this differs among different population 
groups. However, it is widely acknowledged that, despite the limitations of simple 
headcount measures of income poverty, such measures remain an important aspect of 
measuring and describing the incidence and distribution of disadvantage, and a number of 
recent Australian studies focus on income poverty (see, for example, Saunders and 
Bradbury 2006; Saunders et al 2008). 
In this paper, we use a standard approach to measuring income poverty, using a 
disposable household income measure, which relates to income after tax and cash transfers 
and which assumes income sharing within households (Marks, 2007, p. 2). This income is 
then equivalised using the modified OECD equivalence scale, so that rankings of income 
take into account the differences that household size and composition make to standards of 
living. This process assigns the following values: 1.0 point for the first adult; 0.5 for each for 
the second and subsequent adults and 0.3 for each dependent child in the household. 
Dependent children are defined here, in common with other recent Australian studies, as 
children aged 0 to 14 years (see, for example, Saunders et al., 2008). We then set the poverty 
line at 50 per cent of median equivalised disposable household income, the most common 
poverty line currently used in Australia (Saunders et al., 2008).  
Research has suggested that many households that report very low, zero or negative 
incomes in fact have standards of living that do not reflect these figures (ABS, 2005; 
Bradbury, 1996; Johnson and Scutella, 2003; Siminski et al., 2003). There are debates about 
the extent of this issue, and a range of approaches to addressing it (ABS, 2005; Gabriel et al., 
2005; Saunders and Bradbury, 2006; Saunders et al., 2008 ), and in this paper  we exclude 
from our analysis those households which report zero or negative income. 
 
2.2  SPATIAL MICROSIMULATION 
As discussed in the introduction, spatial microsimulation has emerged as an increasingly 
well-established technique in the estimation of small area statistics. Spatial microsimulation   4 
uses microdata to estimate the condition of persons, families or households in a specific 
small area. The method uses the individual or household units from survey data to 
populate the small area subject to constraints from Census tables that give information 
about the distribution at the smallest area available (Williamson et al., 1998; Voas and 
Williamson, 2000; Williamson, 2001). Currently a reweighting technique is the most 
common approach to spatial microsimulation and within this broad method, there are a 
number of reweighting methodologies available (Anderson, 2007; Ballas, et al., 2005; 
Hynes, et al., 2009; Tanton et al., 2007; van Leeuwen et al., 2009; Voas and Williamson, 
2000). 
This study will assess the impact of using survey and Census databases in Australia on 
child poverty estimates based on a model called SpatialMSM, which is a spatial 
microsimulation model that has been developed to fulfil the need for reliable small area 
data for research and for informing government service provision in Australia (Chin et al., 
2005; Harding et al., 2011). Besides estimating small area data, this model has also been 
linked to another microsimulation model to estimate the effects of changes in government 
policy on small areas in Australia (Harding et al., 2009; Tanton et al., 2009; Vu and Tanton 
2010). 
The SpatialMSM model employs a generalised regression reweighting program from the 
Australian Bureau of Statistics (ABS) called GREGWT. The GREGWT algorithm uses a 
generalised regression technique to estimate weights for a household or individual from 
the survey, and then iterates until the weighted aggregate of the survey data produces 
characteristics that closely resemble the constraints for each small area (Bell, 2000; Tanton et 
al., 2011). The procedure can be classified as a deterministic method using formulae, similar 
to the iterative proportional fitting used by Anderson (2007) and Ballas et al.(2005), as 
opposed to a probabilistic method that pseudo-randomly selects households to fill an area 
described in earlier models (Voas and Williamson, 2000; Williamson et al., 1998). Despite 
the differences in approaches, Tanton et al. (2007) confirms that the results from different 
reweighting methods are generally similar.  
The error in SpatialMSM is measured by the total absolute error (TAE) from all the 
benchmarks. The TAE has been used in a number of spatial microsimulation models as a 
criterion for reweighting accuracy (Anderson, 2007; Williamson, et al., 1998) and has been 
assessed and supported by other studies such as Smith et al. (2009) and Voas and 
Williamson (2000). An area is dropped from any further analysis when the total absolute 
error is higher than total error threshold that is set for SpatialMSM, which is generally that 
the TAE from all the benchmarks is greater than the population in that area. This threshold 
is set to maximise the number of areas for which valid data could be produced, since the 
original GREGWT program assessed an area as unreliable when the procedure iterated 
more than 30 times. Experience found that this cut off meant that some useable areas could 
be thrown out, 
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3  DATA 
The primary focus of this paper is investigating the differences between the two databases 
which are combined to produce spatial microsimulation estimates (in this case, estimates of 
child poverty). Therefore, it is important to understand the nature of these two sources of 
data (the Census of Population and Housing and Survey of Income and Housing (SIH)) 
and how they are used in the spatial microsimulation estimation being discussed here. 
3.1  CENSUS OF POPULATION AND HOUSING 
Every five years, the Australian Bureau of Statistics conducts a Census to obtain a count of 
the number of people in Australia, their individual characteristics and their dwelling 
characteristics. The 2006 Census (the most recent data available) was conducted on 8 
August 2006. It captures more than 20 million people, with more than 18.6 million living in 
Occupied Private Dwellings and the remaining either living in or enumerated in Non-
Private Dwellings. 
The Census is intended to capture people in all areas in Australia. The geographical area in 
the Census of Population and Housing 2006 is that covered by the Australian Standard 
Geographical Classification (ASGC) system. The classification is considered important as 
the ABS intends to capture the whole population including those living in remote areas. In 
the 2006 Census it was found that 2.3 percent of the Australian population were living in 
remote areas with around one-third of these located in very remote areas. The ABS 
recognises that, despite efforts made to capture these populations, it is likely that an 
undercount still occurred in remote areas (ABS, 2006). In the ASGC,  the largest spatial unit 
after Australia as a whole is the state and territory. In 2006, New South Wales was the 
largest state or territory in terms of population and number of dwellings with around 32 
percent of both population and dwellings being located in that state, followed by Victoria 
and Queensland, which consisted of around 25 and 20 percent, respectively.  
The 2006 Census of Population and Housing also collects information on income, which as 
noted above will be one of the main determinants of poverty rate estimates. The income 
that was collected in the Census is restricted to gross income (that is, before tax), and covers 
all sources of income including wages, salaries, profits from business and government 
benefit payments. Census data collection relies mainly on self enumeration, which means 
that in most cases the Census form is self-completed by householders.  
3.2  SURVEY OF INCOME AND HOUSING (SIH) 
The unit record data used in the spatial microsimulation model discussed here comes from 
household and individual unit record data from the 2005-2006 ABS Survey of Income and 
Housing (SIH). This survey was conducted between July 2005 and June 2006. There are a 
number of important differences between the SIH and the Census. Unlike the Census, the 
survey only collects data from residents in private dwellings, which means no information 
was collected from people living in non private dwellings such as hospitals and nursing 
homes.  Moreover it records only the characteristics of people aged 15 years and above,   6 
although the number of children aged 14 and below is included as part of the information 
about the household. The 2005-2006 SIH survey has 9,961 households in its sample, which 
contain 19,208 people aged 15 and over as the individual records. Across states, New South 
Wales has the largest sample with around 23 percent of the household sample coming from 
this state, followed by Victoria and Queensland with 21 and 18 percent, respectively.  The 
survey has generally not covered populations in remote or very remote areas, although 
from the 2005-06 survey onwards, substantial efforts have been made to capture people 
living in some remote indigenous communities (ABS, 2008) 
One of the main strengths of the  SIH 2005-06 survey data is the reliability of the income 
data it contains. The survey uses CAI (Computer Assisted Interviewing), and the 
interviewer does suggest that the respondent may want to check their payslip in answering 
the income question. Further, total income amounts can also be confirmed due to the fact 
that SIH requires detailed information on source of income. In addition,  the SIH survey 
also records income for the previous financial year, which allows some comparison 
between current and past income levels and other characteristics, and can throw further 
light on whether current incomes may be under- or over-estimated.  
In order to represent the true configuration of the population based on the sample from the 
survey, the ABS creates weights for each household, income unit and person record 
contained in the survey. The SIH has an integrated weight for households and person 
units. This means that the weight for each individual in the household is the same as the 
household weight. The weights are produced using the GREGWT procedure (the same 
underlying reweighting procedure used in the SpatialMSM process. The benchmarks used 
in the calibration of the final weights for the 2005–06 SIH were based on the ABS 2005-2006 
person and household projections, which were produced using 2001 Census data. The 
benchmarks used to create the weights include age group, labour force group and 
household composition, all by state and territory (ABS, 2008).  
3.3  THE USE OF CENSUS AND SIH DATA IN SPATIALMSM 
The model is designed to derive results for small areas across Australia using the 2006 
ASGC Statistical Local Areas (SLA). This means the benchmarks from the 2006 Australian 
Census of Population and Housing will be set for each Statistical Local Area.   These 
benchmarks are applied to a single year of income survey data – the 2005-06 Survey of 
Income and Housing. More often, two survey datasets are used in order to boost the 
sample available, but for this study, where our aim is to assess the direct changes that are 
introduced to data as a result of the estimation process, it was useful to use only a single 
database, so that more direct comparisons could be made between survey data and 
synthetic data. 
The first step in producing the small area estimates involves combining information from 
the ABS Survey of Income and Housing (SIH) Confidentialised Unit Record Files (CURFs) 
and the 2006 Australian Census of Population and Housing. This process consists of 
finding relevant variables that exist in both databases. These variables should not only   7 
have the same definition but also need to have the same measurement. In this step, we 
constructed 11 Census benchmarks as shown in Table 1 below.  
 
Table 1  Census benchmark tables  
Number  Benchmark 
1  Age by sex by labour force status  
2  Age by sex by weekly equivalised household income 
3  Total number of households by dwelling type (Occupied private dwelling/Non private dwelling) 
4  Tenure by weekly household rent  
5  Tenure by household type  
6  Dwelling structure by household family composition  
7  Number of adults usually resident in household  
8  Number of children usually resident in household  
9  Monthly household mortgage by weekly household income  
10  Tenure type by weekly household income 
11  Weekly household rent by weekly household income 
Source:  ABS Census of Population and Housing, 2006 
 
Another rule applied for the GREGWT procedure is the number of iterations. This means 
that the GREGWT procedure will stop and report a non-convergence error if the number of 
iterations reaches a specified maximum (for this study it is set to 30).This may mean that 
the procedure may not find a solution for some areas even if the area was close to 
converging. As mentioned in section 2, this non-convergence error criteria is modified for 
SpatialMSM based on the total absolute error (TAE) criteria since some of the original 
GREGWT non-convergent areas using the maximum number of iterations criteria were still 
found to be reasonable when compared with the benchmarks using the TAE.  
As described earlier, initial model results were assessed for accuracy against the 
benchmarks using the TAE criteria, and we found that 163 of the 1422 SLAs should be 
dropped from further analysis since the process cannot produce a reasonable solution for 
them. Although this accounts for 11.5 per cent of the SLAs, most of the areas that failed to 
be estimated are unusual SLAs with small population numbers and therefore the process 
only results in the loss of 0.9 per cent of the population. 
 
Table 2  Number of SLAs dropped due to failed Total Absolute Error 
 
State/Territory  Number of SLAs  SLAs with 
failed TAE 
Percent of SLAs with failed 
TAE 
Percent of 
population in SLAs 
with failed TAE 
NSW  200  2  1.0  0.3 
Vic  210  7  3.3  0.5 
Qld  479  48  10.0  0.8 
SA  128  8  6.3  0.6   8 
WA  156  20  12.8  1.2 
Tas  44  2  4.5  0.2 
NT  96  55  57.3  32.0 
ACT  109  21  19.3  2.1 
Grand Total  1422  163  11.5  0.9 
  Source: Authors’ calculations 
 
 
4  COMBINING SURVEY AND CENSUS: ARE THEY TELLING US THE SAME 
THING? 
The main issue that we are investigating in the paper is the impact of the difference in the 
two databases used on the spatial microsimulation estimates. The use of two databases in 
the estimation process means that we expect our estimates to match or at least produce 
results very similar to the data contained within each of the databases. The question is 
what the effects on the estimation results are if the two databases that are used do not 
exactly match each other, or are even substantially dissimilar in relation to important 
variables. We illustrate this issue using estimates of child poverty rates and focussing our 
analysis on just two variables: the distribution of income among households and the 
distribution of persons, especially children, among households with different incomes. 
From the description of the two datasets provided in section 3,it is likely that the 
distribution of income of the two databases could differ somewhat, due to differences in 
the way income data is collected or differences in the population represented by the two 
data sources or a combination of both. 
To make a valid comparison between the income distributions of the two databases, the 
same income variable should be used. The main reason why spatial microsimulation has 
been used to estimate small area child poverty in the first place is because the Australian 
Census does not provide the household disposable income data which is the main variable 
used for the calculation of poverty (as discussed in section 2.1). The most specific income 
variable that can be used from the Census is a measure of equivalised household gross 
income (HIED), which is available only in income ranges. Therefore, in order to see how 
different our data sources are when it comes to income distributions, we need to create 
from the much more detailed microdata in the SIH a variable that matches as far as 
possible the Census income data. We did this by using gross income data from the SIH and 
placing household incomes (reported in the SIH as actual dollar amounts) into ranges 
matching those in the Census. To make our comparisons even closer, we use only the 
Census data that relates to people living in Occupied Private Dwellings, as the SIH does 
not cover people living in non-private dwellings. 
4.1  DISTRIBUTION OF INCOME AMONG PERSONS 
Table 3 shows that at a person level the distributions of income from the Census and SIH 
do not differ greatly. The medians of the equivalised household income in both Census and   9 
SIH both lie in the income ranges of $600 to below $800 per week. The modes for the 
distributions are also in the same range, which is at $400 to below $600 per week. This was 
followed by $250 to below $400 per week and $600 to below $800 per week in the second 
and third place, respectively in both data sources. Nevertheless, there is an indication that 
the income in the Census is slightly lower than that reported in the SIH especially in 
relation to the distribution below the median. There are 9.2 per cent of people living in a 
household with equivalised income below $250 per week in the Census while only 6.0 per 
cent of people in the SIH fall into this category. 
While the differences in these income distributions are not very large, they could still create 
an issue in relation to small area poverty estimation, especially regarding the poverty line. 
Given that  47.2 per cent of people in the Census fall into the income ranges below $600 a 
week, it could be expected that the Census median income would be close to the minimum 
amount in the $600 - $800 range, while in SIH a slightly lower proportion of people fall into 
these lowest groups of household income, suggesting that the median income in the SIH 
may be more likely to fall higher within the $600 to $800 a week category than it does in the 
Census. This may not necessarily be the case but Table 3 provides some initial evidence 
that the poverty line in the SIH is likely to be set higher than a Census-based poverty line.   
 
Table 3 Distribution of person by range of Household Gross Equivalised Income 
 
Census of Population and 













(per cent) (4) 
$1-$149  381,325  2.4  279,595  1.4 
$150-$249  1,063,809  9.2  899,002  6.0 
$250-$399  2,733,061  26.7  3,616,222  24.3 
$400-$599  3,218,177  47.2  3,715,069  43.0 
$600-$799  2,719,291  64.6  3,571,400  61.1 
$800-$999  1,796,857  76.0  2,900,784  75.8 
$1,000-$1,299  1,819,992  87.6  2,479,596  88.3 
$1,300-$1,599  950,540  93.7  1,085,780  93.8 
$1,600-$1,999  547,023  97.2  588,663  96.8 
$2,000 or more  439,451  100.0  634,103  100.0 
Source: ABS 2006 Census of Population and Housing and ABS 2005/06 Survey of Income and Housing 
4.2  DISTRIBUTION OF INCOME AMONG CHILDREN 
Table 4 presents similar data to that shown in Table 3, but relates to children rather than 
persons living in households with particular levels of income. This data clearly indicates 
that the distribution of income among children in the Census has its median in the $400 to 
below $600 a week range while in SIH the median seems clearly likely to fall into the range 
$600 - $800 a week.   10 
 
A comparison of the data in Tables 3 and 4 also shows that median household incomes are 
different between persons and children in the Census while this is not the case in SIH. This 
suggests that an additional problem may arise in comparing poverty rates between the SIH 
and the Census related not only to different median incomes, but also to differing 
distributions of children among households in certain income groups between the SIH and 
the Census.  
We therefore went on to examine the distribution of persons and children in households 
with different income levels in the Census and the SIH, using the data about the numbers 
of persons and children presented in Tables 3 and 4. It can be seen by comparing these two 
tables that in the Census data there is a higher proportion of children in low income 
households compared to the medium or high income households. Looking at Table 3 and 
Table 4 we can see that the cumulative proportion of children who live in households in the 
lower ranges of the equivalised income distribution (Table 4) is higher than the proportion 
of total persons (Table 3) living in these households. For example, according to the Census 
data, approximately 12.8 percent of children were living in households with equivalised 
gross income less than $250 a week compared to only 9.2 percent of persons living in these 
types of households. On the other hand, according to SIH, the proportion of children living 
in such households (5.1 per cent) is slightly lower than the proportion of persons (6.0 per 
cent). The same issue is evident when we examine the number of children living in 
households with equivalised income less than $400 a week. While the numbers from the 
Census data suggest that the proportion of children in that classification (31.0 per cent) is 
somewhat higher than the proportion of persons (26.7 per cent), the numbers from the SIH 
suggest that the two proportions are quite similar (24.5 and  24.3 per cent). These data show 
that not only do the distributions of children and persons in low income households look 
different in the two data sources, but  also that the Census data shows more children living 
in relatively low income households than the SIH data would suggest.  
 
Table 4 Distribution of children by range of Household Gross Equivalised Income 
 
Census of population and 


















$1-$149  106,442  3.3  47,298  1.2 
$150-$249  309,504  12.8  148,474  5.1 
$250-$399  593,061  31.0  748,003  24.5 
$400-$599  782,446  55.1  863,811  46.9 
$600-$799  559,899  72.3  836,708  68.6 
$800-$999  329,237  82.5  533,796  82.4 
$1,000-$1,299  318,602  92.3  366,302  91.9 
$1,300-$1,599  142,458  96.6  125,406  95.2   11 
$1,600-$1,999  67,447  98.7  80,246  97.3 
$2,000 or more  41,512  100.0  105,855  100.0 
Source: ABS 2006 Census of Population and Housing and ABS 2005/06 Survey of Income and Housing 
 
 
One further implication that can be drawn from the differences in the data shown in Tables 
3 and 4 is that the two data sources produce different data about the number of children 
living in poverty as compared to middle and higher income households. Taking the raw 
number of children and persons from Tables 3 and 4 from the Census data, it can be 
calculated that 28.8 per cent of those persons living in households with equivalised income 
below $250 a week are children, which is higher than the 19.9 per cent of children 
represented in households with equivalised income of $250 a week or more. This has not 
been captured by the SIH data, which in fact shows that poorer households may have 
slightly fewer children than medium-income and affluent households. Using the same 
calculations as those used to calculate numbers of children per household in the Census 
data, we find that the number of children as a proportion of all persons living in 
households with less than $250 a week equivalised income in SIH (at 17.1 per cent) is lower 
than this proportion for households with income equal to or higher than $250 a week in 
SIH (19.6 per cent). 
It is important to note, however, that the calculations presented above are based on gross 
(before tax) income, while poverty rates are generally calculated based on disposable 
income, and it is possible that households with more children may pay less (or more) tax 
and therefore have higher (or lower) disposable income compared with other types of 
households. Thus we cannot tell at this stage whether using gross income rather than 
equivalised income has had an effect on the child poverty rates.  
5  IMPLICATIONS FOR SIMULATED POVERTY ESTIMATES 
As noted earlier, the estimation process in spatial microsimulation uses the unit record data 
from the SIH and reweights these data to match benchmark variables from the Census for 
small areas (in this case SLAs). This means that the original SIH data reflecting the SIH 
income distribution would be reweighted according to the benchmark data that in 
aggregate should have the income distribution of the Census ,especially given that we have 
used the number of persons by sex by age and by equivalised household income as one of 
the benchmark tables (Table 1). Given, however, that the Census data is only available 
based on income ranges then it could be expected that, in the final estimates, the 
distribution of persons and children between income ranges would be capturing the Census 
income distribution while the income distribution within the income ranges would capture 
the SIH income distribution, because it is only from the SIH that this type of detailed 
information can be captured in reweighting process.   12 
5.1  WHICH POVERTY LINE? 
In order to set a poverty line, we need to know the household incomes of the Australian 
population, so that a median income level can be identified. The median income from SIH 
may not be suitable for this purpose, because, as discussed in section 3, although not very 
dissimilar, the median income in the SIH is likely to be higher than the one in the Census 
(although we were only able to test this in relation to gross, not disposable, household 
income). Using the equivalised household gross income distribution in Table 3 as an 
example, the Census shows a median that would be slightly more than $600 a week, while 
the SIH shows that the median equivalised household gross income is $669.8 a week.  
We can get a better estimate of the median income from Census by assuming that the 
increase in income is evenly distributed across persons within income ranges. In that case, 
when the equivalised income is sorted in the Census, person number 7,834,763 should be 
the median income point. The last person in the household with equivalised income below 
$600 a week is person number 7,396,372, so using an assumption of an even distribution, 
the median income would be $632.60 a week. This simple calculation shows that the 
median income from the Census is likely to be lower than that in the SIH, and hence the 
poverty line based on the Census would also be lower.1  
Ideally, the estimation of SpatialMSM‟s median income (and thus the poverty line) can be 
achieved by applying the national aggregate of the spatial weights that have been 
produced by the model to the SIH individual records. However, the elimination of some 
SLAs due to the TAE rule in the reweighting process (as described in Section 3 above) 
means that it is not possible to accurately estimate the median income of persons for the 
whole of Australia. On the other hand, the inclusion of those eliminated SLAs would make 
the estimation of median income even more inaccurate, as SLAs for which weights have 
not been accurately produced tend to have spurious weights with very large numbers. 
As noted earlier, the actual loss of population from those SLAs which failed the TAE 
criteria is very small, and errors introduced by missing SLAs were assessed as of far lesser 
magnitude than those which would be introduced by including weights for non-
convergent SLAs. We thus opted to use the SpatialMSM weights exclusive of „failed‟ SLAs. 
It is important to note though that some of the eliminated SLAs will include very 
impoverished remote areas in Australia, and that the inclusion of these areas, while 
unlikely to have any significant effect on the median income level due to their low 
population, would be likely to slightly lower rather than slightly raise the poverty line. 
Table 5 shows the poverty line estimates from the alternatives discussed above. The first 
column shows the poverty line based on the SIH data. As expected, the value of the 
poverty line that is calculated directly from the Census data (column 2) with the even 
distribution of incomes within ranges assumption (as described above) is below the 
estimates from the SIH. 
                                                 
1 It should be noted that this calculation is still based on gross household income. The tax and transfer 
system, captured only in disposable income measures, may actually change this distribution. 
   13 
The final column shows poverty lines calculated by applying the median income from the 
SpatialMSM weights from which non-converging SLAs have been eliminated, Given that 
SpatialMSM combines the income distribution from both the Census and the SIH, we 
would expect that a poverty line calculated from the SpatialMSM weights to fall 
somewhere in the middle of the lines produced from these two databases, and this proves 
to be the case.  
 
   















Equivalised  Gross  Household 
income 
333.67  316.28  327.54 
Equivalised  Disposable 
Household income 
281.50  na  276.37 
  Source: Authors’ calculations 
 
5.2  DIFFERENCES IN POVERTY RATES 
In order to further confirm the use of a poverty line calculated through SpatialMSM 
weights, we then calculated small area poverty rates using the different poverty lines 
described above.  Table 6 presents poverty rates produced under different poverty lines, 
and confirms the expectation that SpatialMSM will overestimate the poverty rate if we use 
a poverty line from the SIH (column 4). Table 6 further confirms that the poverty line that is 
produced by aggregating the spatial weights of the SLAs that satisfy the TAE criteria is the 
better option (column 3). The first section of Table 6 presents data about person level poverty 
rates, and shows that the estimate of the poverty rate using the gross income poverty line 
based on SpatialMSM weights and including converging SLAs only is very close to the 
estimates from both the Census and the SIH. Also, when we calculate a synthetic poverty 
rate using the same methodology but based on disposable income, we find that this rate is 
very similar to that produced by the SIH (both approximately 11.0 per cent). 
However, these patterns are different when the method is applied at the child level (that is, 
when we try and estimate child poverty rates). SpatialMSM adopts the distribution of 
income by age from the Census income distribution for each available small area and the 
Census indicates that there is higher proportion of children among persons living in 
household with lower income compared to SIH data (as discussed earlier). Although the 
Census only provides the distribution of gross household income, the distribution is 
expected to be reflected in disposable income as well. As a result, among the proportion of 
persons living in poverty as reflected in both the SIH and SpatialMSM, there is likely to be 
a higher proportion of children represented in this group in SpatialMSM than in the SIH,   14 
due to the use SpatialMSM makes of the Census population distribution. These differences 
would partly explain why SpatialMSM tends to produce a higher child poverty rate 
compared to one produced from the SIH. Table 6 confirms this by showing that estimates 
of child poverty rates from SpatialMSM based on both gross household income and 
disposable household income are higher than the estimates from the SIH at 16.7 per cent 
and 10.5 per cent for gross and disposable household income, respectively. However, Table 
6 also shows that among the three different poverty lines applied to the SpatialMSM 
weights, the poverty line calculated from the median income of the SpatialMSM unit record 
data based only on SLAs that pass the TAE test gives the lowest child poverty estimates 
and the closest to the national average of child poverty rates for both gross (20 per cent) 
and disposable income (13.3 per cent). Although not all SLAs are included in this poverty 
line due to the SLA failing the TAE test, the poverty line in column (3) may be the most 
suitable poverty line to use to estimate child poverty rates at small area level in Australia. 
We will validate this in the next section.  
 
Table 6 Person and child poverty rates (per cent) 


















Person         
Equivalised Gross Household income  17.4  16.9  17.5  18.5 
Equivalised  Disposable  Household 
income  11.0  na  11.0  12.0 
Children         
Equivalised Gross Household income  16.7  20.8  20.0  20.8 
Equivalised  Disposable  Household 
income  10.5  na  13.3  14.4 
Source: Authors’ calculations 
 
5.3  VALIDITY 
Having established that child poverty rates produced by SpatialMSM will inevitably be 
different to those from either the Census or the SIH, the remaining question from this 
exercise is whether our synthetic estimates of child poverty are still valid. There are several 
ways to validate results from SpatialMSM. First, within the model itself, the exclusion of 
SLAs that cannot achieve the TAE criteria is a procedure that ensures that the estimate for 
every single SLA is acceptably close to Census data for the benchmark variables included 
in the model. However, this still leaves us with the necessity of validating synthetic 
estimates which are not benchmark variables (although may be closely related to them) – in 
this case, child poverty rates.   15 
There are two common approaches that have been used to check the validity of these types 
of estimates. The first approach is to choose the closest possible variable to the estimated 
variable from available administrative data at the chosen level of spatial disaggregation. 
The second approach is to estimate the poverty rate at the smallest spatial area available 
from the SIH and compare this with aggregated small area data from SpatialMSM for that 
particular area. 
For the first approach, the variable chosen to validate the estimate is the proportion of 
children living in households with equivalised gross income under $250 and under $400 a 
week. The measure of validity used is the Standard Error around Identity (SEI). This 
measure is very similar to the R-squared measure, but is a measure of the dispersion of 
points around a 45 degree line, rather than a regression line. It is described further in 
Tanton et al., (2011) and Ballas et al., (2005) 
 
Figure 1 Validation based on proportion of children living in household with equivalised income less 
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Figure 1 shows the comparison between the proportions of children who lived in a 
household with equivalised gross income of less than $400 a week between SpatialMSM 
and the Census for each of the SLAs included in the SpatialMSM result, a comparison 
which produces an SEI of 0.96 and an R squared of 0.99. It is likely that the very high 
accuracy suggested by this comparison is due to the fact that the income range of $0 - $400 
is included as one of the income ranges in the age by sex by weekly equivalised household 
income benchmark table used in the reweighting process.   
   16 
The second approach to validation is to compare the aggregate estimates of child poverty 
rates from SpatialMSM to those from the SIH. This is done at the Australian State level as 
these areas provide administrative and Government boundaries in Australia that the SIH 
can provide reliable estimates for. Table 7 shows that, as is the case at the national level, the 
estimates of child poverty rates from SpatialMSM are higher than those from the SIH – an 
expected result, given our discussion in section 4.2. Therefore, rather than focusing on 
absolute rates, it is necessary to compare the ranks of the State instead in terms of child 
poverty. Due to confidentiality requirements, the estimates for the ACT and NT from the 
SIH are not included in the rankings shown in Table 7. It can be seen from Table 7 that the 
rank of the estimate of poverty rates based on gross income in SpatialMSM are the same as 
those produced from the SIH. While at first glance this seems not to be the case for 
disposable income poverty rates, these discrepancies are actually only caused by the much 
lower poverty rate in Tasmania according to the SIH than SpatialMSM. Without Tasmania, 
both the SIH and SpatialMSM have New South Wales as having the highest child poverty 
rate followed by South Australia, Victoria, Queensland and Western Australia, 
respectively. These ranking patterns also follow the ranking pattern of the proportion of 
children who live in households with equivalised income lower than $400 or $250 a week 
as calculated directly from the Census.     
 
 
Table 7 Validation based on aggregate child poverty rate at state level 
  SpatialMSM  SIH  Census 
State 
disposable 
income  Gross income 
disposable 
income  Gross income  Under 250  Under 400 
  Rate  Rank  Rate  Rank  Rate  Rank  Rate  Rank  Rate  Rank  Rate  Rank 
NSW  14.0  3  21.1  3  11.5  1  18.1  3  13.8  3  31.8  3 
Vic  13.2  4  20.0  4  11.4  3  17.6  4  12.8  4  30.8  4 
Qld  12.8  5  19.1  5  10.2  5  16.5  5  11.1  6  30.4  5 
SA  14.2  2  22.1  2  11.4  2  18.7  2  13.8  2  33.9  2 
WA  11.5  6  17.5  6  6.4  6  11.8  6  11.2  5  27.5  6 
Tas  16.4  1  25.3  1  10.6  4  23.0  1  15.8  1  39.4  1 
NT  11.0    16.0    1.3    4.1    21.8    41.4   
ACT  6.5    10.8    3.3    3.9    7.3    16.3   
Source: Authors’ calculations 
 
These results confirm that the estimate of the child poverty rate produced by SpatialMSM 
is reliable. Even though the estimates are higher than those from the SIH, this is very likely 
to be a reflection of the different distribution of incomes, and particularly incomes by age in 
the Census data compared with the SIH.    17 
6  CONCLUSION 
The main objective of this study was to investigate discrepancies in estimates of population 
characteristics produced by a spatial microsimulation process and those calculated directly 
from an income survey. In particular, our aim was to analyse whether these disrepancies 
are due to errors in the process itself, or simply to differences in the underlying datasets, 
and if so, what the implications of these differences are for the validity of results. To do so, 
we use child poverty rates as an illustration not only because of the importance of 
accurately measuring child poverty, but also because child poverty rates are determined 
primarily by the distribution of household income and the distribution of children in 
households. We could therefore focus our attention on these two distributions, making 
identification of the issues more straightforward than would be the case with an estimate 
which was based on a more complex combination of variables.  
The findings of this study confirms that differences in underlying data can create issues in 
producing and validating synthetic estimates of population characteristics. In our example, 
these differences related first to the fact that the gross income data in the Census is 
distributed in a lower range compared to the SIH. This issue can be addressed in part by 
using aggregated spatial microsimulation weights to calculate a poverty line, resulting in 
person-level poverty estimates which are very close to those from the income survey.  
However, even when adopting this approach to setting the poverty line, we found that 
child poverty rate synthetic estimates remained substantially higher than those from the 
income survey.  We found, however, that these differences appear to emerge because of the 
income distribution by age in the Census which indicates more children in lower income 
families than is the case in the SIH. This means these higher estimates of child poverty from 
SpatialMSM are to be expected, and reflect these underlying data differences rather than 
any error in the estimation procedure. This is further confirmed by the fact that the 
magnitude of the differences in estimates is within the range of what we might expect 
given the underlying data differences, and the directions of over- and under-estimation 
match with what has been indicated by a comparison of Census and SIH data. Finally, 
validation of the data showed that broad geographic patterns of child poverty were similar 
when comparing synthetic and SIH results, despite absolute differences in rates..  
Our analysis has several implications for spatial microsimulation methodology. Although 
our results confirm spatial microsimulation‟s credibility in successfully combining 
information from Census and survey to produce small area estimates, our analysis does 
suggest that close attention needs to be given to understanding underlying data differences 
in any spatial microsimulation estimate. Such an understanding can be important in 
interpreting spatial microsimulation results, and the validation of such results. In our 
example, there is a need to acknowledge the weaknesses of each of the databases used as 
well as their strengths when results are presented and interpreted. In situations where 
differences in databases are an issue, and one database is clearly more consistent and 
accurate than another, an alignment process could potentially be considered as part of a 
reweighting procedure so that end results would better reflect the characteristics of the 
most consistent underlying data source.   18 
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